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Intravascular ultrasound (IVUS) imaging is a catheter-based medical methodology establishing itself as a useful modality for
studying atherosclerosis. The detection of lumen and media-adventitia boundaries in IVUS images constitutes an essential step
towards the reliable quantitative diagnosis of atherosclerosis. In this paper, a novel scheme is proposed to automatically detect
lumenandmedia-adventitiaborders.Thissegmentationmethodisbasedonthelevel-setmodelandthecontourletmultiresolution
analysis. The contourlet transform decomposes the original image into low-pass components and band-pass directional bands.
The circular hough transform (CHT) is adopted in low-pass bands to yield the initial lumen and media-adventitia contours.
The anisotropic diﬀusion ﬁltering is then used in band-pass subbands to suppress noise and preserve arterial edges. Finally, the
curve evolution in the level-set functions is used to obtain ﬁnal contours. The proposed method is experimentally evaluated via
20 simulated images and 30 real images from human coronary arteries. It is demonstrated that the mean distance error and the
relative mean distance error have increased by 5.30 pixels and 7.45%, respectively, as compared with those of a recently traditional
level-set model. These results reveal that the proposed method can automatically and accurately extract two vascular boundaries.
1.Introduction
Intravascular ultrasound (IVUS), one of the most recent
developments in medical imaging, is a new method for coro-
naryheartdiseasediagnosisandendovascularsurgery.Itren-
ders real-time, cross-sectional and high-resolution images
of blood vessels and provides information concerning the
vascular lumen and wall. Besides, IVUS imaging permits
visualization of atherosclerotic lesion morphology and pre-
cise measurements of arterial dimensions. However, a typical
intravascular ultrasound pull-back sequence generally pro-
duces several hundreds of images, which has the eﬀect of
making nonautomatic analysis of the data long, fastidious
andsubjecttohighintra-andinterobservervariability.These
could be serious limitations against the medical usage of
IVUS technique. In addition, because of poor IVUS image
quality due to the existence of speckle, imaging artefacts,
calciﬁcation shadowing, and rupture of parts of the arterial
wall [1], it is necessary to develop eﬃcient segmentation
methods taking into account the nature of IVUS images.
Several approaches for automated segmentation have
been proposed in the last decade for the analysis of IVUS
images, including statistical texture analysis [2], knowledge-
based searching [3], active contours [4], and minimum cost
algorithms [5]. Among them, the active contour models
[6, 7] showed remarkable feasibility and accuracy for the
detection of lumen and media-adventitia boundaries in the
IVUS. In the level-set models, an initial contour is ﬁrst
placed in an energy ﬁeld of the image and then iteratively
evolved to the desired curve and position by minimizing
a certain energy functional. When variational level-sets are
applied in the detection of lumen and media-adventitia
borders of IVUS images, they will encounter two diﬃculties.
First, to ensure the detection sensitivity and speciﬁcity,
the two initial contours should be localized near the two
desired boundaries. Second, after the two initial contours2 International Journal of Biomedical Imaging
are appropriately determined, a robust algorithm should be
developed to help level-set functions accurately deform to
ﬁnalborders;otherwise,levelsetsmaybemisledtoundesired
vascular borders because of the presence of the speckle noise
and artifacts in IVUS images, including guide-wire artifact
and ring-down artifact.
In this paper, we propose to combine the contourlet
transform with the level-set curve evolution algorithm to
overcome these two diﬃculties. The contourlet transform
(CT) with its extra feature of directionality achieves better
results than the discrete wavelet transform and yields new
potentials in removing speckle noise and preserving the
edge well without the eﬀort to set a threshold. The CT is
a new two-dimensional image transform, which provides a
multiscale, local and multidirectional image representation
using multiscale (Laplacian pyramid, LP) and directional
ﬁlter banks (DFB) [8]. With the contourlet transform, an
originalimageisdecomposedintolow-passbandsandband-
pass bands. The low-pass components can be regarded as
multiresolutionsetofimagesfromcoarsetoﬁne,fromwhich
the two initial contours of the blood vessels can be extracted
eﬀectively by using the Hough transform [9, 10].
The band-pass components contain diﬀerent informa-
tion about the edge and speckle noise at multiple scales and
directions [11]. The anisotropic diﬀusion (AD) ﬁltering on
these directional band-pass bands, as well as the level-set
functions, composes a robust algorithm to evolve curves and
obtain accurate ﬁnal borders.
This paper is organized as follows. Section 2.1.1 depicts
about the theoretical background of level-set formulation.
We brieﬂy review the contourlet transform in Section 2.1.2.
Our contourlet-based level set segmentation approach is
described in Section 2.2. Experimental results are demon-
stratedanddevotedtodiscussioninSession3.Someessential
conclusions are summarized in Section 4. In the following
sections, the approach is validated using both the simulated
and in vivo IVUS images.
2. Methods
2.1. Theoretical Backgrounds
2.1.1. Level-Set Formulation Model. In image segmentation,
active contours [6, 7] are self-deforming dynamic curves
or interfaces that move under the inﬂuence of internal and
external forces, towards the object boundaries or image
features which we want to extract. The segmentation model
developed further is deﬁned on level-set without reini-
tialization method (LSWR), and the adopted approach is
inspiredfrom[12].Duetothenewpresentedinternalenergy,
the reinitialization procedure is completely eliminated. The
evolution of each interface is guided by internal and external
forces. The proposed level-set segmentation approach was
directly derived from the gradient ﬂow that minimizes the
overall energy functional.
For a given image I, the desired contours are denoted by
Γ(t). The level-set function ϕ(x, y,t) is Lipschitz continuous
satisfying
ϕ
 
x, y,t
 
< 0,
 
x, y
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Hence, the region contours are completely described by the
zero-level-set function ϕ(x, y,t); that is,
Γ(t) =
  
x, y, t
 
: ϕ
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= 0
 
. (2)
To achieve this goal, the authors [12] deﬁne an external
energy that can move the zero-level-set curve toward the
image boundaries. This overall energy is deﬁned as follows:
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,( 3 )
whereμ>0isaparametercontrollingtheeﬀectofpenalizing
the deviation of ϕ from assigned distance function. The
internalenergyP penalizesthedeviationofϕfromthesigned
distance during its evolution, while the external energy Em
derives the level-set function toward the image boundaries.
The internal energy is deﬁned by the following integral:
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 2dX,( 4 )
as a metric to characterize how close a function ϕ is to a
signed distance function in Ω ∈ R2. This metric will play
a key role in the proposed level-set segmentation model.
The external energy is deﬁned for a function for a
function ϕ as follows:
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,( 5 )
where λ>0a n dυ are constants, and the facts L(ϕ)a n dA(ϕ)
are deﬁned by
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respectively, where δ is the Dirac function and H is the
Heaviside function. For numerical stability of the delta
function, lets deﬁne the classical regular approximations Hα
and δα of the Dirac and Heaviside functions with α ∈  +:
δα(s) =
1
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.
(7)
In order to guarantee the convergence of level-set curves on
the set of boundaries, an edge indicator function g is used.
This edge indicator function is deﬁned for an image I by
g(∇I) =
1
1+|Gσ ∗∇I|
2,( 8 )
where Gσ is the Gaussian kernel with a standard deviation
σ, ∗ is the convolution operator, and I∇ is the gradient of
the image I. To overcome the reinitialization process using inInternational Journal of Biomedical Imaging 3
traditional level set, the authors [12] proposed a fast level-set
formulation:
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(10)
where C is customable constant and R0 is a region in the
domain Ω.
This gradient ﬂow (9) with the initial function ϕ0 (10)
is the evolution equation of the LSWR method, where as
the second term attacks the level-set function ϕ towards the
variational boundary. However, the ﬁrst term is a penalty
momentum of ϕ, which deviates from the signed distance
function and has important advantages. First, the novel
algorithmeliminatesthecomputationallyexpensivereinitial-
ization process. Second, it may start from an arbitrary initial
contour ϕ0.
2.1.2. Contourlet Transform. The Contourlet transform was
developed by Do and Vetterli [8] to overcome the drawbacks
of wavelets in two-dimensional domain. This transform not
only possesses main features of wavelets (namely, multireso-
lution and spatial-frequency localization), but it also shows a
high degree of directionality and anisotropy. The contourlet
transform is useful to capture intrinsic geometrical struc-
tures such as smooth contours in images, including medical
images.Itisimplementedbydecomposingtheoriginalimage
into multiscale with 2D Laplacian pyramid (LP) and then
decomposing subbands at each level into directional compo-
nentswithDirectionalFilterBank(DFB).Inthisdoubleﬁlter
bank, the LP ﬁrst captures point discontinuities and then the
DFB links point discontinuities into linear structures.
Speciﬁcally, let a0(x, y) be an input image. Then, the
outputs after a one-level LP decomposition are a coarse
approximation coeﬃcient a1(x, y) and detail coeﬃcient
b1(x, y), representing the low-pass band and band-pass
component, respectively. The approximation image a1(x, y)
can be further decomposed into coarser image a2(x, y)a n d
ad e t a i li m a g eb2(x, y) by the LP, which are coeﬃcients at
level 2. The detail image b1(x, y)c a nb ed e c o m p o s e db yl1-
level DFB into 2l1 band-pass directional images c
(l1)
1,k ,k =
0,1,...,2 l1 − 1. Similarly, after J-level LP decomposition,
the low-pass bands a1(x, y),a2(x, y),...,aJ(x, y) compose a
sequence of multiresolution images from ﬁne to coarse,
and the band-pass directional components c
(l1)
1,0 (x, y),...,
c
(l1)
1,2l1−1(x, y),...,c
(lJ)
J,0 (x, y),...,c
(lJ)
J,2lJ −1(x, y) represent mul-
tiresolution and multidirectional signals.
The contourlet transform scheme is illustrated in the
dashed block in Figure 1, where the input is an image and
the output is low-pass bands and band-pass directional
subbands.
2.2. Contourlet-Based Level-Set IVUS Image Segmentation
Model (CLSM). This paper presents a new level-set model
that fully integrates the advantages of contourlet transform.
The multiresolution low-pass components are used to yield
the initial contours of lumen and media-adventitia borders.
The band-pass directional subbands are utilized to extract
the ﬁnal contours. The main framework of the proposed
m o d e li ss h o w ni nFigure 1.
2.2.1. Initial Contour Extraction. In level-set segmentation
model, it is diﬃcult to extract the initial contours from
image sequence. The Hough transform is used to adaptively
detect initial contours of the contourlet low-pass images in
a multiresolution hierarchy. In this paper, the lumen and
vessel wall structure of intravascular ultrasound image were
roughly approximated as circulars; thus we may proﬁt from
this idea to use the Hough transform method to extract the
two initial contours.
The Hough Transform. The Hough transform has been rec-
ognized as a very powerful tool for the detection of paramet-
ric curves, such as lines and circles, present in images. Tian et
al. [13] noticed that the geometry of objects at eye images are
close to circles, so they used the circular Hough transform
(CHT) to deduce the radius and centre coordinates of the
pupil and iris regions. Inspired by their work, we notice that
the geometry of the lumen and media-adventitia contours
tends to be circular. Thus, we may proﬁt from this idea to
use the circular Hough transform to extract the two initial
contours in IVUS image. Firstly, an original image was
transformed to edge map by calculating the ﬁrst derivatives
of intensity values. Then, votes are cast in an appropriately
Hough space (Figure 2(a)) for the parameters of circles
passing through each point. The parameters of the detected
curves (circles) are the centre coordinates xc and yc and the
radiusr, which are able to deﬁne the equation of any circle as
follows:
x2
c + y2
c = r2. (11)
Accordingly, a maximum image point in the Hough space
will correspond to the radius and centre coordinates of the
circlebestdeﬁnedbytheedgepoints.Wewillmakeuseofthe
parabolicHoughtransformtodetectthecircles,approximat-
ing the upper and lower contours of the vascular boundaries
with parabolic arcs, which are deﬁned as
  
x −hj
 
sinθj −
 
y −kj
 
cosθj
 2
= aj
  
x −hj
 
cosθj +
 
y −kj
 
sinθj
 
, j = 1, 2,
(12)
wheretheconstant aj controlsthecurvature,(hj,kj)d e not es
the peak of the parabola, and θj is the angle of rotation
relative to the x-axis.4 International Journal of Biomedical Imaging
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Figure 1: Main framework of contourlet level-set model (contourlet transform shown in dashed block).
The algorithm for circular Hough transform can be
summarized to the following.
(i) Thresholdoriginalimagetogetabinaryshapeimage.
(ii) Extract just the edge points of the binary image using
the Canny edge detection operator.
(iii) Draw a circle with center in the edge point with
radius r, and increment all coordinates that the
perimeter of the circle passes through in an accumu-
lator.
(iv) Find one or several maxima in the accumulator.
(v) Map the found parameters (aj,hj,kj) corresponding
to the maxima back to the original image.
The Circular Hough Transform of Contourlet Low-Pass Bands.
TheCHTalgorithmismoreaccurateandrobustwhenhardly
visible circles can be detected and noise in an image does not
aﬀect the performance of the detection. In the case of IVUS
images, the CHT is used in multiresolution hierarchy to
graduallydetectthetwodesiredcircles.Asmentionedbefore,
the contourlet low-pass components a1(x, y),a2(x, y),...,
aJ(x, y), can be regarded as multiresolution subband images.
Each coarse image coeﬃcient aj(x, y), 1 ≤ j ≤ J, is obtained
by the low-pass ﬁltering of a ﬁner coeﬃcient aj−1(x, y), and
it is an approximate subimage of aj−1(x, y), with less speckle
noise and fewer edge details. Then a coarser coeﬃcient,
aj(x, y), is feasible for computing the CHT algorithm,
which is then used to detect the initial contours. When
the multiresolution scale is decreased from j to j − 1, the
CTH will be updated by a new subimage, aj−1(x, y), and
a ﬁner initialization will be produced. The CTH algorithm
is used iteratively until the original a0(x, y) is initialized.
Theprocedureforthemultiresolutioninitializationbasedon
the CHT is presented as follows.
(1) Start the analysis from level j = J.D e ﬁ n eIj(x, y)a sa
coarse to ﬁne IVUS image to be Initialized (Ij(x, y) =
aJ(x, y)).
(2) Calculate gradient images along the vertical and
horizontal direction and ﬁnd the image edges using
Canny operator.
(3) Compute the circular Hough transform to ﬁnd the
lumen contour. The result of executing CHT on
image Ij(x, y) produces a lot of circles that all of
them are wrong except one circle that ﬁts on lumen
contour.
(4) Construct the 2D histogram of Ij(x, y), and approxi-
mate the coordinate of the lumen centre ac(xac, yac).
Then, choose a circle whose center is nearest to
approximate lumen center rather than other circles.
Euclidean distance can be used to calculate distance
between the center of circles and approximate center
of lumen that can be expressed as follows:
dist =
 
(xcc − xac)
2 +
 
ycc − yac
 2, (13)
where cc(xcc, ycc) is coordinate of the circle center.
After calculate distance, nearest circle found by CHT
is ﬁtted to lumen.
(5) Choose the outer vascular circle among the candidate
circleswhosecenterisnearesttothelumencenterand
having a maximum change in intensity. To make the
searching of the optimal lumen and media-adventitia
circles accurate, the parameters in (11) are limited toInternational Journal of Biomedical Imaging 5
r
(x, y)
(a)
(x, y)
rmax
rmin
(b)
Figure 2: Idea of voting: (a) classical CHT, (b) CHT with multiple radii in one parameter space.
a certain range. First, for media-adventitia contour
detection, we limit the distance between (xcc, ycc)a n d
the center of the lumen, to Dc,a n dr to a range
from rmin to rmax. Then, for lumen contour, rmax
is updated to half the radius of the circle found in
media-adventitia contour.
(6) Update Ij−1(x, y)b yaj−1(x, y), and then return
to step (2) to iteratively perform the algorithm;
otherwise the optimal initialization ends here.
An example of the initial contours extraction is illustrated
in Figure 3. The lumen boundary is extracted by the circular
Hough transform as shown in Figure 3(b). Then the CHT
is used to detect the initial media-adventitia boundary as
shown in Figure 3(c).
2.2.2.FinalContourExtraction. Contourletlow-passcompo-
nents are low-frequency signals mainly reﬂecting the region
of information of vascular tissue image. Contourlet band-
passcomponentsarerelativelyhigh-frequencysignalsmainly
reﬂecting the organization of edges information. The band-
pass subbands contain the directional information of the
edges in IVUS image. Therefore, the ﬁnal contour extraction
of the lumen and media-adventitia boundaries is based
on the band-pass directional subbands. The anisotropic
diﬀusion ﬁltering is used in each subband according to
characteristics of the subband edges and noise. It reduces
noise, while preserving and even strengthening useful edges.
After the ﬁltering of the subband signals, the contourlet
reconstruction is utilized to obtain a ﬁltered image, where
the level-set evolution model is applied to delineate the two
ﬁnal contours.
The ultrasound images usually present a low signal-to-
noise ratio and are aﬀected by a form of multiplicative and
locally correlated noise called speckle. Thus it is diﬃcult
to eﬀectively remove the noise, as well as preserve useful
edges in these kinds of images. As mentioned before, the
contourlet transform decomposes an original image into a
set of low-pass components and band-pass components. The
band-pass bands can be regarded as multiresolution direc-
tional images from ﬁne to coarse c
lj
j,k(x, y), j = 1, 2,...,J,
(a) Original image (b) Contourlet low-pass image
(c) CHT adopted to detect lumen
contour
(d) CHT adopted to detect media-
adventitia contour
Figure 3: Initial contour extraction.
k = 0,1,...,2 l − 1. Each band-pass band at scale j and
direction k contains speciﬁc information about the edge and
noise. Thus, it is worthwhile to use a new ﬁltering technique
based on the anisotropic diﬀusion (AD) of each subband to
reduce the speckle eﬀectively while preserving the edges.
The anisotropic diﬀusion (AD) is the more recent
ﬁltering procedure [11, 14]. It has been widely applied for
a large number of applications in medical image processing
ﬁeld. The AD method uses iteratively nonlinear evolution
partial diﬀerential equations (PDE) to improve an input
image quality:
∂I
∂t
= div[c( ∇I ) ·∇I], I(t = 0) = I0, (14)6 International Journal of Biomedical Imaging
(a) (b) (c)
(d) (e) (f)
Figure 4: Two examples of simulated images segmentation results. ((a), (d)) Real boundaries (ground truth), ((b), (e)) traditional method,
and ((c), (f)) the proposed method.
where div is the divergence operator, I0 is the input image,
and c( ∇I ) is the diﬀusion function, which can be given by
c( ∇I ) = exp
⎡
⎣1+
 
 ∇I 
g
 2⎤
⎦, (15)
where g is the gradient threshold.
Here, the AD ﬁltering is extended to the mutiresolution
contourlet domain, and the directional subcomponents,
other than the original image, are ﬁltered by the AD. Thus,
theimageI0 in(14)issubstitutedwithc
lj
j,k(x, y),andthenthe
noise in c
lj
j,k(x, y)w i l lb er e m o v e db yt h eA Dw h i l ee d g e sa r e
enhanced to obtain c
 
j,k(x, y). At each scale j = 1,2,...,J, the
directionally ﬁltered subbands c
 
j,k(x, y) are pooled together
to get cumulative band-pass signal c
 
j(x, y):
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2lj  
k=0
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. (16)
c
 
j(x, y), along with the low-pass image aJ(x, y), is used to
obtain the ﬁnal ﬁltered image I  by the LP reconstruction.
Then the new level-set segmentation model (CLSM) is
applied to the image I . The two initial contours deform
under the action of internal and external energies until
converge to the ﬁnal contours.
3. Results
The proposed method was validated with the traditional
level-set segmentation method on both simulated and real
IVUS images. The parameters of this algorithm were set
as follows: the level number of the LP decomposition was
J = 3, and the level numbers of the DFB decomposition
were K = 2, 2, and 3 at LP levels 1–3; respectively, the
radii range value for the CHT is (rmin, rmax) = (15,40)
and Dc = 25. In experiments, we ﬁrst make quantitative
comparison of the visual observation between a traditional
level-set segmentation method such as that proposed by Li
et al. [12] and our proposed method. Then we perform
a qualitative comparison between the results of the two
methods.
3.1. Simulated Images. S i m u l a t e dI V U Si m a g e sw e r ec o n -
ducted to evaluate algorithms of vessel boundaries detection.
Since the exact geometry of simulated images is known, the
calculation of the segmentation accuracy is obtained directly.
The generation of simulated IVUS images was based on a
polar image-formation model [15]. To make the simulation
of IVUS data more realistic, the ring-down and guide-
wire artifacts were merged in this model. Typical results on
simulated IVUS images for each segmentation method were
displayed in Figure 4.
These results demonstrated that detected boundaries for
the two methods were very close to the vessel wall structures.
They also showed that the media-adventitia border was
smoother with the CLSM method than with the traditional
method. However, the lumen, which often has strong edges,
w a sd e t e c t e dw i t hs u ﬃcient details.
To quantify the segmentation accuracy, mean distance
error (MD) and relative mean distance error (RMD) [16]International Journal of Biomedical Imaging 7
between the manually traced contours and the two segmen-
tation results were calculated. The MD and RMD are called
metric errors, evaluating the distance between the automati-
callydetectedcontourandthegroundtruthcurve.Moreover,
toassesstherepeatabilityofthesegmentationresultsforeach
method under diﬀerent initializations, the mean distance
error and relative mean distance error between results were
calculated.
Let p beacontourpointdetectedbyproposedautomated
method and q the nearest point in the traditional method.
The distance between p and q (i.e., the minimum distance
between the discrete point p and the ground truth contour)
is D(p).The relative distance erroris RD(p) = D(p)/d(q,O),
whereOisthecenterofthegroundtruthcontourandd(q,O)
is the distance between q and O. Then the MD and RMD are
deﬁned as follows:
MD = meanp
 
D
 
p
  
,
RMD = meanp
 
RD
 
p
  
×100%.
(17)
Table 1 shows the quantitative comparison of the results for
20 simulated images. For both lumen and media-adventitia
borders, the two quantitative indicators are better with the
proposed method than with traditional method. Compared
with traditional boundary segmentation results, we can see
that the indices MD and RMD of our method were increased
by 7.32 pixels and 8.76%, respectively.
3.2. Real IVUS Images. T h ei nv i v oI V U Si m a g e su s e di n
this study were acquired at the Department of Cardiology,
Errabta Hospital of Tunis, Tunisia. Data were acquired with
a Jomed equipment using a 312F 30-MHz catheter (In-
vision gold, Helsingborg, Sweden). IVUS sequence images
were captured from 7 patients through the pullback of
the transducer in coronaries arteries and were digitized on
384 ×384 pixels, then stored using the DICOM standard.
The acquisition was done at a 10 images/sec frame rate,
and the transducer pull-back velocity was set to 1mm/sec.
Acquisitionparametersweresetbyphysicianstooptimizethe
image quality.
Qualitative Comparison. For examples of the segmentation
resultsforthetwomethodsareshowninFigure 5.Thelumen
and media-adventitia detected boundaries are presented for
four diﬀerent in vivo IVUS images. A qualitative analysis of
the contourlet-based and traditional level-set segmentation
revealed that detected contours were very close to the two
vessel boundaries. In the ﬁrst example shown in Figures 5(b)
and 5(c), it was demonstrated that the media-adventitia
boundaries are closer to the ground truth than CLSM
method than with traditional method, because speckles
have been reduced with contourlet transform. However,
the lumen was identiﬁed correctly by the two methods
because it has strong edges. In the second example, the
two borders detected by the traditional method appeared
contracted (Figure 5(e)), because this IVUS image was more
contaminated with noise. In contrast, the two boundaries
detected by our proposed method (Figure 5(f)) were close to
manual traced boundaries. In the third and forth examples,
Table 1: Quantitative comparison of the results segmented from
simulated images.
Borders Method MD RMD
Lumen
boundary
Traditional method 8.582 12.38%
Proposed method 5.653 8.76%
Media-adventitia
boundary
Traditional methods 11.09 16.01%
Proposed method 7.323 11.31%
Table 2: Quantitative comparison of results segmented from real
images.
Borders Method MD RMD
Lumen
boundary
Traditional method 7.7345 11.21%
Proposed method 4.5627 6.30%
Media-adventitia
boundary
Traditional methods 9.1550 13.27%
Proposed method 5.3996 7.46%
the boundaries detected by our proposed method (Figures
5(i) and 5(l)) were satisfactory and close to the ground truth
(Figures 5(d) and 5(g)), where the borders detected by the
traditional method (Figures 5(h) and 5(k)) were distributed
by the speckle noise.
Quantitative Comparison. Table 2 shows the quantitative
comparison of the segmentation results of 30 real images.
Two indices, the mean distance error (MD) and the relative
mean distance error (RMD), were calculated between the
manually traced and the automatic detected boundaries.
For the media-adventitia boundary, these two indices are
better with the proposed method than with the traditional
method.However,higherindicatorswereobtainedonlumen
boundary with the traditional method because the blood
frontier in nontransformed images produces bright echoes
for which the gradient information is more signiﬁcant.
Compared with results of traditional method, MD and RMD
of the proposed method were improved by 5.30 pixels and
7.45%, respectively.
4. Conclusions
This paper presents a new IVUS plaque image segmentation
method based on level-set model and contourlet transform.
Intraditionalmethodsoflevel-setmodel,therearetwoprob-
lems:initializationandrobustness.Thecontourlettransform
provides some improvements. The Hough transform is
adopted inmultiresolutionlow-passbandstoyieldtheinitial
contours of lumen border and media-adventitia borders.
The anisotropic diﬀusion is then utilized in band-pass
directional subbands to suppress the noise as well as preserve
vascular boundaries, and the contour evolution in the level-
set functions is used to obtain ﬁnal contours. Experimental
results on 20 simulated images and 30 in vivo demonstrated
the usefulness of the method to automatically and accurately
extract the two boundaries of the blood vessels, and results
demonstrate that the mean distance error and the relative8 International Journal of Biomedical Imaging
(a) (b) (c)
(d) (e) (f)
(g) (h) (i)
(j) (k) (l)
Figure5:Threeexamplesofrealimagessegmentationresults.((a),(d),(g),(j))Realboundaries(groundtruth),((b),(e),(h),(k))traditional
level-set model, and ((c), (f), (i), (l)) the proposed method.
mean distance error have increased by 5.30 pixels and 7.45%,
respectively, as compared with those of the traditional level-
set model.
It was demonstrated that the segmentation results of
lumen boundary of simulated and real images are better
than the media-adventitia boundary. The lumen, which can
usually have rougher and obvious surface, was accurately
detected with suﬃcient details. However, the accuracy of
media-adventitia boundary detection depends on the shape
and position of the initial contour in the image. Therefore,
when the initial contour is close to the true contour, the ﬁnal
segmentation result is better.International Journal of Biomedical Imaging 9
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